Using transboundary pollution from mainland China as an instrument, we show that air pollution leads to higher cardio-respiratory mortality in Hong Kong. However, the air pollution effect has dramatically decreased over the past two decades: before 2003, a 10unit increase in the Air Pollution Index could lead to a 3.1% increase in monthly cardiorespiratory mortality, but this effect has declined to 0.5% using recent data and is no longer statistically significant. Exploratory analyses suggest that a well-functioning medical system and immediate access to emergency services can help mitigate the contemporaneous effects of pollution on mortality.
Introduction
Hong Kong (HK) is an autonomous territory, and a former British colony, in southeastern China. The city has about 7.5 million people and among the highest per capita incomes in the world. 1 Notably, HK people have the highest life expectancy in the world, with male life expectancy being 81.32 years and female life expectancy being 87.34 years in 2017. Unlike other rich economies in the rest of the world, however, air quality in HK is poor and transboundary air pollution is a serious concern.
For example, the annual average concentration of particulate matter (PM 10 ) in HK was 45 mg/m 3 from 2000 to 2015, which was more than twice WHO's recommended level of 20 mg/m. 3 The NO 2 concentration was 63 mg/m 3 during this period, roughly 1.5 times higher than the WHO's corresponding threshold.
This study estimates the causal impact of air pollution on mortality using 16 years' of micro-level death data from HK. Our identification strategy builds on the fact that transboundary pollution (i.e., pollution transmitted from mainland China) plays an important role in determining HK's air quality. HK is located near mainland China's Pearl River Delta Economic Zone times higher than the rest of HK, although there is much less economic and production activity taking place in these areas (Lau et al., 2007) .
Under the "one country, two systems" rule, HK has no direct authority to regulate the pollution activities in mainland China even though these can significantly impact HK's air quality. 3 Although in recent years there have been multiple rounds of discussions between HK and the Guangdong governments on coordinating air pollution control, the agreements between the two parties often focus on long-term targets and lack concrete enforcement plans. As a result, transboundary pollution remains a controversial and largely unresolved issue between the mainland and HK. Fig. 1 presents the annual average of PM 2.5 concentrations derived from satellite data for the region. 4 We observe that air quality in the PRDEZ is significantly worse than in HK. This is reasonable because the PRDEZ has a significant manufacturing sector, while HK has almost no manufacturing. 5 Besides, the northwestern part of HK has higher levels of air pollution than the southeastern part, because it is closer to the PRDEZ. These variations underlay the instrumental variable approach used in this study.
The air pollution effect and existing evidence in HK
Understanding the impact of air pollution on health is an important research topic in science, public health, and economics. Thus, the literature consists of a large number of studies using different empirical methodologies, reflecting the norms and evolution of different fields. This section is not intended to provide a comprehensive review of the literature; instead, it aims at providing a basic framework summarizing previous findings in HK.
Existing evidence often adopts one of the following four methodologies to estimate the effect of air pollution on health: 1) time-series studies; 2) cross-sectional and cohort-based studies; 3) panel or fixed effects studies; and 4) quasi-experimental studies. Time-series studies analyze the relationship between the temporal fluctuations in air pollution and health outcomes and try to estimate the contemporaneous effect of air pollution on health. The identification typically relies on the assumption that, after controlling for a set of observed weather confounders and different trends, day-to-day variation in air pollution can be treated as exogenous. A large number of public health studies that rely on time-series models generally find that poorer air quality is associated with worse health outcomes. Early time-series studies mostly focused on developed countries (e.g., Bell et al., 2004; Dockery et al., 1993; Levy et al., 2012; Pope III et al., 2002; Stieb et al., 2002) , while in recent years, there has emerged a literature focusing on developing countries (e.g., Aunan and Pan, 2004; Lai et al., 2013; Lu et al., 2015; Shang et al., 2013) .
However, time-series studies often suffer from omitted variable bias because not all confounders can be properly controlled for. To address this issue, researchers often include a large set of fixed effects and include flexible functions of time trends and weather conditions in the model. This introduces several potential problems. First, the estimates from time-series analyses tend to be sensitive to different controls and inclusion of trends, making it difficult to assess which estimates are the most reliable. Second, if air pollution is measured with error, overfitting the time-series model can attenuate the estimates and understate the air pollution effect. As a result, it is difficult to determine whether the poorer health outcomes were actually caused by elevated air pollution levels or by other confounding factors Greenstone, 2003a, 2003b; Pope III and Burnett, 2007; He et al., 2016) . For HK, we find that most previous studies rely on time-series models (Ko et al., 2007; Qiu et al., 2012; Wong et al., 2001; Wong et al., 2002) , and similar critiques also apply to those studies.
Cross-sectional studies analyze the associations between air pollution levels and health outcomes across different locations at a specific point in time. Many of the cross-sectional studies were conducted in the last century and recent literature has shifted attention to other research designs. The drawbacks of cross-sectional studies are obvious: people's health and exposure to air pollution across different locations are simultaneously affected by many socioeconomic factors and it is often impossible to account for all these confounders. For HK, Gao et al. (2014) show that children living in high-pollution districts are at higher risk for respiratory morbidities than those living in low-pollution districts.
Cohort-based studies analyze the long-term health effect of air pollution by following people over many years. Existing evidence shows that long-term exposure to air pollution is associated with worse health outcomes in both developed countries (Abbey et al., 1999; Dockery et al., 1993; Pope III et al., 1995) and developing countries (Cao et al., 2011; Zhang et al., 2011; Zhou et al., 2014) . For HK, Qiu et al. (2017) and Qiu et al. (2018) use similar approaches and find that long-term exposure to air pollution is associated with the development of Type II diabetes and incident ischemic stroke among the elderly. Yet, aside from potential omitted variable bias mentioned above, cohort-based studies are further complicated by potential sorting (Chay and Greenstone, 2003b; Evans et al., 1984) . In the end, people choose where to live and these choices may depend on pollution and other factors. For example, the wealthier individuals tend to migrate to areas with lower pollution, while the poorer individuals may remain in the polluted areas. This implies that the observed association between air quality and mortality could be driven by factors related to sorting, instead of pollution itself.
As large-scale administrative data become more available to researchers, panel data models with fixed effects become increasingly popular. These models are powerful in addressing the endogeneity issue when potential confounders are timeinvariant (Currie and Neidell, 2005; Currie et al., 2009 ). However, the identifying assumption of the fixed effects models can still be too strong because many time-varying variables, such as weather and traffic, can affect both air quality and health outcomes. In addition, estimates from fixed-effects models may suffer from severe attenuation bias if the regressor is measured with error (Wansbeek and Meijer, 2001) .
With the economics profession's increased focus on credible identification in recent years, quasi-experimental approaches have become the favored empirical strategy for estimating the health effects of air pollution. Quasi-experimental studies often explore exogenous variation in air pollution caused by policy or nature that can mimic random assignment of treatment and control groups. Graff Zivin and Neidell (2013) provide a thorough survey of this line of research. Notable examples include, but are not limited to, Greenstone (2003a, 2003b) , Currie and Neidell (2005) , Jayachandran (2009), Lleras-Muney (2010), Currie and Walker (2011) , Greenstone and Hanna (2014) , Luechinger (2014) , Cesur et al. (2017) , and Schlenker and Walker (2015) , Anderson (2019) . For the Chinese context, Chen et al. (2013) and Ebenstein et al. (2017) exploit China's Huai River policy and estimate the impact of air pollution on life expectancy. He et al. (2016) estimate the short-term effects of air pollution on mortality using the Beijing 2008 Olympic Games as a quasi-experiment.
Despite the growing number of quasi-experimental studies, existing evidence either focuses on high-pollution low-income (such as India and mainland China) or low-pollution high-income settings (mostly the U.S.). Since the relationship between exposure to air pollution and health response can be non-linear and depend on local socio-economic background (Arceo et al., 2016; Burnett et al., 2014) , the results from previous studies may have limited validity for a high-pollution highincome setting. As mentioned in the introduction, the only exception is the concurrent study by Colmer et al. (2019) , who also emphasize the importance of studying HK. Using thermal inversion as the instrument, Colmer et al. (2019) show that air pollution can reduce the birth weights of babies but does not affect infant mortality. They argue that better "institution" in HK, such as the Hospital Authority providing free and high-quality healthcare to the public, may help explain why infants do not die from air pollution. Yet, there is no direct evidence to support this argument in their paper.
This study adds to this literature by providing a more comprehensive analysis of the air pollution effect in HK. As pollution from mainland China creates quasi-random shocks to HK's local air quality, we utilize this transboundary pollution to identify the air pollution effect. The identification strategy is similar in spirit to Jia and Ku (2019), Deryugina et al. (2019) , and Anderson (2019). Anderson (2019) and Deryugina et al. (2019) compare the population groups living downwind and upwind and estimate the effects of air pollution exposure on the population mortality and health cost of the elderly in the United States. Jia and Ku (2019) assess the impact of cross-border air pollution from China to South Korea and find that "yellow dust" (sand) blowing in from China leads to extra deaths in South Korea.
Empirical strategy
Our analysis exploits the variations in HK's air quality caused by the PRDEZ's air pollution. In the first stage, we estimate the following equation:
where P it is the monthly air pollution level in district i at time t, R t is the average monthly air pollution level in the PRDEZ at time t, S it is the wind speed in district i at time t, W int is the percentage of days with wind direction n as the prevailing wind direction in district i at time t, 6 and D i is the distance between the PRDEZ and district i. The interactions among R t , S it , W int ; and D i are also included in the first-stage regression. X it are control variables including temperature, temperature squared, and precipitation in district i at time t, t i are district fixed effects, p t are year by month fixed effects, and x it indicates the error term.
The first-stage regression helps us understand how air pollution in the PRDEZ affects HK's air quality under different meteorological conditions. f n captures the effect of different wind directions on HK's air quality. l 1 captures the effect of wind speed on air pollution. For the interaction terms, l 2 describes how the distance between different areas in HK and the PRDEZ changes the effect of regional air pollution on HK's air quality, r n captures how the local wind direction changes the effect of regional air pollution on HK's air quality, s n estimates how the distance between HK and the PRDEZ changes the effect of the local wind direction on HK's air quality, and u n captures how the distance between Hong and the PRDEZ and the local wind direction simultaneously change the effect of regional air pollution on HK's air quality.
The interaction terms are included to improve predictive power in the first stage. We interact the PRDEZ's air pollution level, R t , with different wind directions in HK W int , because the pollution will be more severe when the wind blows air pollutants from PRDEZ to HK. Additionally, because the transboundary pollution also depends on the distance between PRDEZ and HK's different districts, we further include interactions between distances, regional air pollution level, and wind directions as instruments.
In the second stage, we estimate the following equation:
where Y it is the logarithm of the monthly mortality rate per 10,000 in district i at time t, and b P it is the predicted air pollution levels from the first stage. u i and y t are district and time fixed effects. ε it are unobservable disturbances. b is the coefficient of interest, which captures the causal impact of air pollution on mortality. We use monthly data to avoid estimating the very short-term health effect (i.e., the effect of daily air pollution on mortality) for two reasons. First, many epidemiological studies have investigated the dynamic impacts of air pollution on health outcomes and a general finding is that air pollution can lead to worse health outcomes at a more aggregated level (e.g., Zeger et al., 1999; Schwartz, 2000; Zanobetti et al., 2000; Zanobetti et al., 2002; Costa et al., 2017; Zanobetti and Schwartz, 2008; Deryugina et al., 2019) . The reason is that people will develop more complex cardio-respiratory diseases with prolonged exposure to air pollution and the affected population will increase over time. Monthly data therefore allows us to capture the air pollution effect in the medium run. Second, our instruments are based on transboundary air pollution from one region to another and it takes time for the transmission to take place. If we use daily data, current-day pollution in PRDEZ may not be able to strongly affect current-day air quality in HK, especially when weather conditions are relatively stable. It is thus conceptually unappealing for the instrument to work with high-frequency daily data.
For comparison, we also estimate the associations between air pollution and mortality rate using pooled Ordinary Least Squares (OLS) and fixed-effects models. The pooled OLS is estimated by the following equation:
where all the variables are defined as above. d captures the effect of air pollution on mortality rate if air pollution is uncorrelated with unobserved health determinants (i.e., E½P it ; u it ¼ 0). However, because local air quality and people's health 6 Wind data are categorized into eight wind directions: 0 (north wind), 45 (northeast wind), 90 (east wind), 135 (southeast wind), 180 (south wind), 225 (southwest wind), 270 (west wind), and 315 (northwest wind). In practice, wind direction of 315 is dropped to avoid collinearity. The classification of wind directions is shown in Appendix Fig. S1 . are often simultaneously determined by many socio-economic and meteorological factors, the assumption that E½P it ; u it ¼ 0 may be violated, which would result in a biased estimate of d.
To account for time-invariant confounders, one can further include district fixed effects in Equation (3). Year-month fixed effects can also be included in the regression to account for shocks that are common to all the districts in a particular year and month. In practice, we can estimate the following equation:
The fixed-effects model can alleviate the endogeneity concern to some extent, as many confounding factors are controlled for. However, the fixed effects model may also suffer from omitted variable bias if the unobserved confounders change across locations and over time (such as local weather and traffic conditions).
Data

Air quality and weather data
HK's air quality data are collected from the Air Quality Monitoring Network administrated by the Environmental Protection Department of the HK Government. The PRDEZ's air quality data are reported by the local environmental bureaus and collected by the Environmental Central Facility of the Hong Kong University of Science and Technology. Fig. 1 shows the geographical locations of the air quality monitoring stations in HK and the PRDEZ. There are ten fixed monitoring stations measuring the concentration levels of air pollution in the urban districts of HK. 7 We use the Air Pollution Index (API) as the primary explanatory outcome. The API is a comprehensive air pollution measure and is used by both the HK and mainland governments. The calculation of API is based on the concentrations of several air pollutants, including ambient respiratory particulate matter (PM 10 ), sulfur dioxide (SO 2 ), carbon monoxide (CO), ozone (O 3 ), and nitrogen dioxide (NO 2 ). To construct the API, an API sub-index for each pollutant is first calculated and the highest API sub-index calculated will become the API. The API is set with reference to the HK Air Quality Objectives (AQO). Appendix Table S1 shows the sub-index levels for the API and their corresponding concentrations. To make the API values comparable across years and locations, the same calculation method is used to convert concentration levels of each air pollutant to API for both HK and the PRDEZ for the whole study period. 8 To construct the instrumental variable, we average the air pollution readings from all the stations in PRDEZ and calculate the regional API.
Weather data, including wind direction, wind speed, temperature, and precipitation, are extracted from the HK Observatory. Each air quality monitoring station in HK is matched with the weather station nearest to it.
Mortality data
Mortality data are obtained from the Census and Statistics Department of the HK Government. We use the "known death microdata" for the period 2000e2015 in this study. The dataset recorded detailed attributes for each death, including the date of death, age, sex, cause of death, occupation, place of residence, and length of stay in HK.
The classification of cause of death is based on the Ninth and Tenth Revisions of the International Statistical Classification of Diseases and Related Health Problems (ICD-9 and ICD-10). Following previous literature, the mortality data were classified using ICD-9 and ICD-10 into deaths from cardiovascular and respiratory diseases (CVR) and deaths from non-cardiovascular and respiratory diseases (non-CVR).
The place of residence is categorized by 3-digit tertiary planning units (TPUs) code. The whole territory of HK is divided into 289 TPUs by the Planning Department of the HK Government for town planning purposes. These TPUs are then grouped into 151 Large Tertiary Planning Unit Groups (LTPUGs) by the C&SD, where each LTPUG would have a population of at least 10,000 by 2001. The areas of LTPUG ranges from 0.09 to 85.12 km 2 with a mean of 7.35 km 2 . We thus focus on death and air pollution at the LTPUG level, which is referred to as a "district" in this paper.
Mortality data are then matched with air pollution data and LTPUG-level population data. The population data are extracted from HK's Population By-census in 2006 By-census in , 2011 By-census in , and 2016 . We conduct a linear interpolation approach to fill the population data in other years. Each LTPUG is assigned to the nearest air quality monitoring station. A map of the LTPUGs is provided in Appendix Fig. S2 .
Data for the year of the SARS outbreak, 2003, are dropped in the analysis because it can confound the air pollution effect estimates. Nearly three hundred people died from SARS, but these deaths were not related to air pollution. In addition, during the SARS epidemic, economic activities and daily life of people in HK were significantly changed (Hung, 2003; Siu and Wong, 2004) . For example, most people used face masks and avoided going outside during the outbreak, which could affect pollution exposure and reduce their chances of contracting other types of respiratory diseases. 7 There are six other air pollution monitoring stations in Hong Kong. One of them is located far away from the city and measures the background air quality, two were built after the study period, and the rest measure roadside air pollution. 8 More details about API can be found in He et al. (2016) .
Summary statistics
We present some stylized facts from our data and summarize the descriptive statistics in this section. As shown in Appendix Fig. S3 , there exists a strong correlation between HK and the PRDEZ's air quality. The trend of air pollution in HK has closely followed the trend in the PRDEZ. The air quality deteriorated from 2000 to 2004 and then started to improve in both the PRDEZ and HK. Table 1 provides summary statistics of the key variables. The mean API in HK is about 45 during our sample period, 13 units lower than that in the PRDEZ. The distance between the LTPUGs and the PRDEZ's air quality stations ranges from 103.1 to 131.9 km. About 40% of the time, the wind blows from the PRDEZ to HK (the north and northwest wind). The average monthly standardized mortality rates for CVR and non-CVR diseases are 2.20 and 2.60 per 10,000, respectively. Table 2 summarizes the IV estimates on the impacts of air pollution on different mortality rates. Existing evidence suggests that short-term and long-term exposure to ambient air pollution primarily affects CVR diseases (Pope III et al., 1995; Chen et al., 2013; He et al., 2016; Ebenstein et al., 2017) . We follow the literature and estimate the effect of air pollution separately for CVR (Columns 1e3) and non-CVR causes (Columns 4e6). The dependent variable is the logarithm of the monthly standardized mortality rate per 10,000; the interpretation of the estimated coefficient is therefore percentage change in monthly mortality rate. In all the regressions, district (LTPUG) fixed effects and year-month fixed effects are included. We gradually include precipitation and temperature (and the square of temperature), which are typical confounders in the regressions, to check the robustness of the estimates. We also report the standard errors clustered at different levels to examine the sensitivity of the significance: the LTPUG level, the LTPUG and year level, and the LTPUG and year-quarter level (Cameron et al., 2011) .
Main results
The effects of air pollution on mortality
Results in Columns 1 to 3 show that air pollution has a statistically significant impact on CVR deaths. A 10-unit increase in API will result in a 1.77%e1.82% increase in monthly CVR mortality in HK. In contrast, the estimates for non-CVR deaths in Columns 4 to 6 are smaller in magnitude and statistically insignificant at the 5% level. In Column 7, we compare the difference between the estimates in Columns 3 and 6 and find that the difference is statistically significant at the 10% level.
The first-stage regression results, which have a long list of instrument variables for HK's air pollution, are reported in Appendix Table S2 . We see that many instruments are statistically significant, suggesting that the PRDEZ's air pollution, wind direction, and distances between the PRDEZ and different HK districts can strongly predict HK's air pollution.
Results by gender and age group
Air pollution may affect males and females in different ways. Existing evidence on the gender difference in air pollution epidemiology is far from conclusive and the mechanisms are not yet clear (Clougherty, 2009 ). This is because males and females are different in fundamental ways that can affect the pollution-mortality relationship, including time use, smoking, inner dermal absorption and lung function, and the availability of target organs (McCracken et al., 2007; Becklake and Kauffmann, 1999) . We explore the gender heterogeneity in HK and report the results separately for males and females in Table 3 . We find that the impacts of air pollution on males are generally larger and more statistically significant than females.
A 10-point change in the API increases the male mortality rate by 2.22%, which is two times larger than its impact on females.
In the literature, several other studies also find stronger air pollution effects on males (e.g., Pope III et al., 1995; Galizia and Kinney, 1999; Tanaka, 2015; Ebenstein et al., 2015; Cohen et al., 2017) . Next, we examine the air pollution effects by age group. Because the exact number of people in each age group is not available at the LTPUG level, we directly estimate the impacts of air pollution on the number of deaths with respect to different age groups. Fig. 2 summarizes the results. In line with the previous studies, we find that the air pollution effect is statistically significant for the elderly group (age>60) (Chen et al., 2013) . Specifically, for people who are older than 60, a 10point increase in API leads to an 8.41% increase in the total number of CVR deaths. The corresponding regression results are reported in Table 4 .
Infants, children, and young adults do not die from air pollution in HK. Note that our finding that air pollution does not lead to more deaths in the infant and young children group differs from many previous studies (e.g., Chay and Greenstone, 2003a; Currie and Neidell, 2005; Currie et al., 2009; Currie and Walker, 2011; Greenstone and Hanna, 2014) , but is consistent with Colmer et al. (2019) , who find that although HK's bad air decreases the birth weights, it does not cause more infants deaths. (2011)). The standard errors are respectively reported in the parentheses below the estimated coefficients. Our preferred specification clusters standard errors at the LTPUG level. *** p < 0.01, **p < 0.05, *p < 0.1.
Table 3
The effect of air pollution on CVR mortality rate by gender.
Male Female
(1) 
Lagged effect
Many time-series studies show that the effects of air pollution on health can be cumulative; the lagged effect can range from a few days to a few weeks. In Table 5 , we examine this issue by including the lagged pollution measure in the regressions. Current and lagged IVs are used in the first stage to predict current and lagged API and we include two lags in the regressions.
Column 1 shows that the effect of air pollution on CVR deaths is only statistically significant for the current API. One-and two-month lagged API are both statistically insignificant with a smaller magnitude. Column 2 shows that there is no statistically significant relationship between air pollution and non-CVR deaths. These results suggest that there is no significant lag effect at the monthly level.
Test for nonlinearities
Our baseline specification assumes that the causal relationship between air pollution and mortality is linear. In this section, we investigate whether air pollution's effect on mortality is nonlinear following the empirical strategy in Graff Zivin and Neidell (2012) . To do so, we create dummy variables for every 5 points of API and omit API <30 points as the reference group. For comparison, we conduct the analysis separately for CVR and non-CVR mortality. Fig. 3 presents the dose-response curves. 9 Our observation is that the effect of API on the monthly CVR mortality rate (Fig. 3a) is roughly linear. For the non-CVR mortality rate (Fig. 3b) , the effect remains statistically insignificant. We therefore conclude that there is no obvious nonlinear effect of air pollution on mortality in HK.
Test for non-classical measurement error
As there may exist systematic differences between districts with actual monitors and those without, there is a concern that the non-classical measurement error of air pollution could potentially bias our estimates (Lleras-Muney, 2010; Knittel et al., 2016) . To address this issue, we conduct a rich set of formal tests following Knittel et al., (2016) . We first predict air pollution of each HK's air quality monitor using all other surrounding monitors within 20 miles, weighted inversely by distance. The discrepancy between each monitor's predicted pollution level and the monitor's actual recorded value is interpreted as the "error." Second, to test how the "error" and its variance depend on the true pollution level and distance to the closest monitor, we run an OLS regression of the "error" on the monitor and year-month fixed effects. Third, we obtain the residuals from the previous regression and estimate a regression model where the residual is a function of the spline in true levels of pollution and distance to nearest monitors 10 :
Residual Error ¼ ½Spline in Actual Pollution Measure þ ½Spline in Distance to Neareast Monitor (5) Fig. 4a displays the average true pollution level versus the error. The vertical solid red line and the vertical dashed blue line indicate the mean and mean plus 2 standard deviations, respectively. We conclude from Fig. 4a that the unexplained error is small in magnitude and are not correlated with the true pollution levels. Fig. 4b presents the average errors by distance to the Fig. 2 . The effect of API (per 10 units) on deaths by different age groups. 9 The corresponding regression results are reported in Appendix tblS3 , Table S3 . 10 The knot points for linear splines are at mile distance of 3, 6, 9, 12, and 15 miles, and the API units of 20, 32, 44, 56, and 68. nearest monitor, suggesting no clear relationship between the bias or variance in the unexplained errors and the distance to the nearest monitor.
In addition, we perform a Monte Carlo simulation to further test the robustness in IV estimates according to Knittel et al. (2016) . For each iteration of the simulation, we construct a 'pseudo-pollution measure' as each district's air pollution level. The pseudo-pollution measure' adds three components compared to the baseline model. In practice, each district's 'pseudopollution measure' is constructed from the following equation:
where the first term True Pollution i;t represents the baseline's matched monitor's air quality in district i at year-month t. The other items represent the predicted errors which we obtained from the above spline analysis and an additional error component that allows for autocorrelation in errors across time within the monitor. 4ð0; 1Þ is a draw from the standard normal distribution. We then replace our "true pollution" by the "pseudo-pollution" and estimate the baseline IV regression. We repeat this process 100 times. Fig. 5 shows the density of our simulated estimates. The dashed blue line and solid red line represent the mean value of simulated estimates and our baseline model's estimate, respectively. Our baseline estimate (without measurement error) is 0.0177. The simulation indicates the mean estimate (with measurement errors) is 0.0174 with a range from 0.0163 to 0.0187. Pollution measurement error only increases the noise of our estimates at a very small magnitude (less than 2% of the true coefficient). These analyses suggest that the non-classical measurement error is not severe and will thus not affect our findings.
Robustness checks
We check the robustness of our main findings in several different ways and summarize our findings here. Interested readers can find a complete set of results underlying these sensitivity analyses in the online Appendix. First, some LTPUGs are located relatively far away from air quality monitoring stations and the air pollution levels in these districts may be measured with error. We exclude LTPUGs that are far away from their nearest stations and report the findings in Appendix Table S4 . We use samples within 12 km, 10 km, and 8 km radius from monitoring stations and repeat the IV estimations for each subsample. We find that all the estimates are quantitatively similar. In addition, in Appendix Table S5 , we use two alternative ways to match LTPUGs with air quality monitors. In Columns 1e2, each LTPUG is matched with the HK's air quality monitoring station nearest to its centroid. In Columns 3e4, each LTPUG's air quality is calculated as a distance-based weighted average from all HK's air quality monitoring stations. Again, all the findings remain the same.
Second, our empirical strategy relies on the fact that HK's local air pollution can be exogenously affected by air pollution levels in PRDEZ under different meteorological conditions. We check the robustness of the results in Appendix Table S6 by only using the local wind patterns as the instruments. Excluding the API in PRDEZ from the IV regressions can help address the potential concern that air pollution in PRDEZ may be affected by policies in HK. As shown in Appendix Table S6 , doing so generates quantitatively similar results. Third, we check whether the results still hold using alternative air pollution measures. In our data, PM 10 is the primary pollutant in constructing the API 40.8% of the time during our sample period. 11 Presumably, the health impact is driven mostly by the primary pollutant, so we can estimate the same set of regressions using PM 10 as the air pollution measure. The results are reported in Appendix Table S7 . The PRDEZ's PM 10 concentration are used as instruments in the first stage. We find that a 10 mg/m 3 increase in PM 10 concentration leads to a 0.94%e0.99% increase in CVR mortality rate and this effect is statistically significant at the 1% level. The relationship between PM 10 and the non-CVR mortality rate, however, is statistically insignificant in all regressions. These findings are again consistent with our baseline results.
Fourth, using the same identification strategy, we can further examine the health impacts of different pollutants. The results are summarized in Appendix Table S8 . Here, we estimate the pollutant-mortality relationship separately for SO 2 , O 3 , and NO 2 , using the PRDEZ's respective pollutant concentrations as instruments. Among them, the effect of SO 2 is statistically significant, but we do not find a statistically significant effect of O 3 or NO 2 . These results suggest that the mortality effect of air pollution in HK is driven mostly by PM 10 and SO 2 .
Next, we report the results at the daily, weekly, and quarterly level using the same IV strategy in Table 6 . Daily level analysis in Column 1 indicates that a 10-unit increase in daily API will lead to a 0.04% increase in CVR mortality rate. The impact at the weekly level is 0.10%, twice larger than the daily estimate (Column 2). At the monthly and quarterly level, we obtain similar coefficients (0.177 and 0.164). From daily to quarterly level analysis, we can observe an increasing trend in the estimated coefficient and the effect size stabilizes when we use monthly data. These results are consistent with the previous literature 
Table 6
The effect of air pollution on CVR mortality rate at different time scales.
Daily Level
(1)
Weekly Level (2) Monthly Level (3) Quarterly Level (4) Hong Kong's API 0.0004*** 0.0010* 0.0177*** 0.0164*** (per 10 units) that using daily data tends to generate smaller estimates than using more aggregated data. In addition, results in Table 6 also indicate that the health impact of air pollution became larger as we use more aggregated data, suggesting harvesting effects is not going to be an important issue when assessing the air pollution effect in the medium and long run. In Appendix Table S9 , we report the OLS estimates and fixed-effects model estimates. Based on these models, we draw the following conclusions. First, the estimated effects vary greatly across different specifications. For example, if nothing is controlled for, a 10-unit increase in API is associated with a 0.92% change in the CVR mortality rate and the estimate is statistically significant at the 1% level. Adding controls and fixed effects significantly change the point estimates and the significance level. These findings suggest that associational estimates can suffer from severe omitted variable bias. Second, in the most restrictive model (i.e., Column 6), a 10-unit increase in API is associated with a 0.67% change in CVR mortality rate. This estimate is substantially smaller than the IV estimate (1.77%) in Table 2 , suggesting the potential attenuation bias in the fixed-effects models. These findings are consistent with several quasi-experimental studies (e.g., Schlenker and Walker, 2015; He et al., 2016; Deryugina et al., 2019) , which also find that estimates of the air pollution effects obtained using a quasiexperimental design were much larger than estimates obtained from associational approaches.
Finally, many environmental epidemiology papers use non-accidental deaths as the outcome measure. For comparison, we report the results for the non-accidental mortality rate in Appendix Table S10 . We estimate that a 10-unit change in API can lead to a 1.44%e1.54% change in the monthly non-accidental mortality rate, a 10 mg/m 3 increase in PM 10 concentration can cause a 0.67%e0.73% increase in the outcome, and a 10 ppb increase in SO 2 concentration can raise the monthly nonaccidental mortality rate by 0.6%.
Diminishing air pollution effect
Air pollution effects over time
We examine the air pollution effect over time by splitting our sample into different periods: 2000 to 2002, 2004 to 2008, and 2009 to 2015. 12 Fig. 6 displays the estimates with 95% confidence intervals. The baseline estimates are plotted on the left for comparison. The corresponding regression results are reported in Table 7 . In Panel A, we focus on CVR mortality. We see that the effect is the largest using 2000e2002 data: a 10-unit increase in API will lead to a 3.13% increase in the CVR mortality rate (Column 1). Using data from more recent years, we find the air pollution effect on CVR mortality rate becomes smaller and statistically insignificant (Columns 2 to 4). In other words, the air pollution effect on mortality in HK is diminishing over the years. For non-CVR mortality, all the coefficients are small in magnitude and statistically insignificant (Panel B). 13 We choose the Year 2003 as the point to split the sample because many factors that affect population health in HK, especially the healthcare infrastructure, were drastically changed after the 2003 SARS epidemic. The SARS epidemic started in the Guangdong province of China and spread to HK in February 2003. It differed from previous epidemic infectious diseases in Fig. 6 . Diminishing Air Pollution Impact. Notes: The square dots represent the estimated impacts of a 10-point increase in the API on CVR mortality and non-CVR mortality using data from different periods. The vertical lines represent the corresponding 95% confidence intervals. 12 Year 2003 data are dropped from this analysis because several hundred people died from SARS, but these deaths are unrelated to air pollution. 13 We further examine whether the diminishing effects could be driven by the changes in unexplained errors because of the non-classical measurement errors. To do so, we apply the tests on non-classical measurement errors for different time periods. The distribution of the errors is displayed in Fig. S6 where the division of different time periods is the same as Table 7 . The distribution patterns in both density and box graphs indicate that the unexplained error is uncorrelated with time.
its explosive spread, which caught the health and hospital authorities by surprise. Before it was contained in late June 2003, there were over 1700 cases of SARS infections in HK, resulting in 299 deaths. 14 The SARS epidemic in HK caused broad social, economic, and humanitarian repercussions (Hung, 2003; Siu and Wong, 2004) . Particularly, it unveiled some basic failings of HK's healthcare system, including overcrowded wards, poor ventilation in some hospitals, lack of isolation facilities, inadequate intensive care facilities, and difficulty in isolating and cohorting patients with suspected SARS infection (Hung, 2003) . Following the SARS, numerous healthcare improvements were carried out. For example, after reviewing the medical practices at the time, the Hospital Authority (HA) of HK built additional isolation beds, revamped the Intensive Care Units (ICU), rationalized existing beds, adopted a series of infection control practices, and launched massive staff training programs. The HA also worked closely with the HK Government to construct longer-term isolation facilities and set over 200 improvement targets at the beginning of 2004. In addition, the Centre for Health Protection was established to deal with public health issues and to help prevent communicable and non-communicable diseases. Since pneumonia is one of the leading causes of death in HK, various improvement measures were also adopted to reduce the transmission of respiratory diseases.
In addition, the HA enhanced community-based services and paid particular attention to the vulnerable groups, including the elderly. Several community-based teams, including Community Nursing Service, Community Geriatric Assessment, and Community Psychiatric Teams, were established. The provision of community-based healthcare among the elderly population has increased rapidly since 2003 (see Appendix Fig. S4 ). After 2003, HA also launched a Visiting Medical Officer Scheme, which provided outreach, medical consultation, and after-care services to residential care homes for the elderly, introduced Family Medicine practice in clinics, and enlarged the proportion of doctors undergoing training in community care.
These changes have significantly improved the availability of quality medical services in HK and are considered an important contributor to longevity in HK. While it is difficult to demonstrate empirically that the improvement in healthcare availability and quality (which are difficult to measure) causally mitigated the effect of air pollution on mortality, we believe this channel is highly likely. Below, we offer additional supporting evidence for this argument and try to rule out several alternative explanations.
Access to emergency services and the air pollution effect
A large number of medical studies have shown that air pollution often triggers acute cardiovascular diseases, such as strokes and heart attacks (see Mustafi c et al., 2012; Shah et al., 2013; Cohen et al., 2017 for recent reviews). Air pollution also damages the immune system and increases the risk of various respiratory diseases, such as acute upper respiratory tract infections. When one's life is threatened by such acute diseases, immediate access to emergency care is critical. For example, if a patient is struck by acute ischemic stroke, the treatment modality is highly time-dependent and better outcomes can only be achieved when treatment is administered soon enough. Treatment within 60 min of symptom onset, known as the Golden Hour, can produce desirable health outcomes with significantly lower rates of morbidity and mortality (Ebinger et al., 2015) . As a result, we conjecture that access to immediate emergency care and the quality of healthcare service may have important implications for the air pollution effect. Hong Kong has stunningly efficient emergency services, in which the ambulance service is almost free and pledged to arrive at the patient's address within 12 min upon request. In 2014, for example, the total number of ambulance transportations was more than 20,000, with 95% of them arriving in less than 12 min. 15 Whether a patient can receive immediate healthcare thus largely depends on the distance between the patient's address and the nearby hospital. In light of this, we explore the heterogeneity of the air pollution effect based on whether an LTPUG has immediate access to a hospital with an Accident and Emergency (A&E) service. In HK, 20 hospitals provide A&E services and the locations of these hospitals did not change during our sample period. We generate 2-km buffer zones surrounding all the hospitals with A&E services and compare the air pollution effects for LTPUGs that are located within and outside those buffer zones. We use the 2-km buffer zone because it roughly divides all the LTPUGs into two groups with equal sample sizes (Appendix Fig. S5 ). 16 Table 8 summarizes our findings separately for these two groups. Columns 1 and 2 report the results for districts located within the 2 km radius of A&E services and Columns 3 and 4 report the results for districts located outside the radius. The estimates are statistically insignificant for both CVR and non-CVR mortality rates in Columns 1 and 2, suggesting that air pollution is less likely to kill people in districts with A&E services. In contrast, air pollution has a statistically significant impact on CVR mortality for people living far away from hospitals with A&E services. These results suggest that easy access to emergency medical services can reduce pollution-related deaths, which are consistent with our argument that the availability of high-quality medical service is important for mitigating the air pollution effect. In addition, we check the robustness by varying the buffer zones of A&E services to 1.5 km and 3 km and report the results in Appendix Table S11 . The estimates are quantitatively similar and indicate the same pattern that closer to A&E services is associated with less mortality from air pollution.
In Appendix Table S12 , we also separately examine the impacts of air pollution and A&E services over time. The results show that the impacts of air pollution on populations with easier access to A&E services remain statistically insignificant during the entire period of time. For regions with A&E services outside 2 km, however, the impact has reduced from 7.00% to 1.47% and becomes statistically insignificant at the end of the period.
Other explanations
In this section, we discuss several alternative explanations for the declining air pollution effect, including a potential nonlinear dose-response relationship between air pollution and health, smoking, and people's avoidance behavior in response to pollution.
First, it is unlikely that the nonlinearity of the air pollution effect drives our main findings. As shown in Appendix Fig. S7 , the API in HK was between 40 and 50 during most of the time and there were no dramatic improvements or deteriorations in air quality in Hong Kong during the sample period. Particularly, the API between 2000 and 2002, during which we find the largest air pollution effect, was not very different from the later periods (e.g. 2004 to 2007) . This result suggests that the diminishing air pollution effect is not driven by changes in air pollution levels. Second, existing literature also suggests that smokers can be more sensitive to air pollution, in that they have a higher relative risk of all-cause mortality, cardiopulmonary mortality, and lung cancer (Hoek et al., 2002; Pope III et al., 2002; Hamra et al., 2015) . This argument is often used to explain the finding that males are more likely to die from air pollution than females. If this argument were true and if there were fewer and fewer smokers over the years, the air pollution effect could decrease. To examine this hypothesis, we collect data from the HK Government and compare the smoking population over time. We find that, somewhat to our surprise, the percentage of smokers has remained almost unchanged during the entire period (see data in Appendix Table S13 and Appendix Fig. S8 ). In other words, it is also unlikely that smoking is contributing to the diminishing air pollution effect.
The last hypothesis is that people's awareness of air pollution might have increased over the years, so more people adopt avoidance behaviors against air pollution. In the literature, studies find that people take actions to avoid exposure to air pollution (e.g., Neidell, 2004; Neidell, 2009; Zhang and Mu, 2018; Liu et al., 2018; Ito and Zhang, 2020) . To test this hypothesis, we collect data from Google Trends and examine how air pollution is correlated with online searches for keywords related to "air pollution."
The results are reported in Table 9 . In Panel A, we see that API is not statistically significantly associated with the search volumes for PM 2.5 , PM 10 , or API but is positively associated with search volume for air pollution. These results suggest people's knowledge about air pollution is relatively limited and thus do not dig into the technical terms describing specific air pollutants. In Panels B and C, we show that the associations between API and people's searches for air pollution are stable in all the years during which the Google Trends data are available, suggesting that HK people's responses to air pollution do not change much over time.
In Table 10 , we further examine the relationship between API and searches for air pollution-related avoidance measures. The regression results show that, while people are to some extent aware of air pollution, this awareness does not lead to meaningful avoidance behaviors. In particular, there is no correlation between API and searches for masks and air purifiers, the two most commonly used defensive measures against air pollution. We also use HK's search volume for watching films as a way to measure indoor activities and again see no correlation. Therefore, we conclude that people in HK adopt minimal avoidance behaviors against air pollution, so the diminishing air pollution effect cannot be driven by awareness or avoidance of air pollution. 17 These patterns are different from what we observe in mainland Chinese cities, in which people search for and buy more masks and air filters when air quality is bad (Zhang and Mu, 2018; Liu et al., 2018; Ito and Zhang, 2020) . residents' awareness of air pollution. In the survey, people were explicitly asked whether they were concerned with air pollution; the share of people worrying about air pollution remained very similar in both surveys.
Conclusion
In many metropolitan cities in the developing world, income levels are rising quickly, while air pollution levels remain high. HK offers a future scenario for these cities as it has a high level of income, yet faces severe air pollution. In this study, we estimate the causal effect of air pollution on mortality using 16 years of data from in HK. To address the endogeneity problem, we use an instrumental variable approach based on transboundary air pollution from mainland China. Our analyses show that a 10-unit increase in the API will cause a 1.77% increase in the monthly cardio-respiratory mortality rate and the elderly are particularly vulnerable to air pollution.
The key finding in this study is that the effect of air pollution on mortality has dramatically declined and becomes statistically insignificant after the SARS epidemic in 2003. We argue that medical improvement initiatives and the development of community-based services implemented after SARS are likely to drive the declining air pollution effect. Empirically, we show people with immediate access to emergency healthcare are less susceptible to air pollution in comparison to those without, and the diminishing impacts are not driven by several alternative explanations. As pre-mature deaths are considered as the largest social cost of air pollution (other costs include morbidity, reduced productivity, etc.), our findings suggest that better socio-economic conditions and a well-functioning medical system can help reduce the damage of air pollution, at least in the short run. Governments and policymakers should thus consider the role of healthcare when formulating air pollution policies.
There are three caveats in this study. First, while a diminishing effect of air pollution on mortality is observed, it does not mean that air pollution becomes less important in HK. The long-term effects of air pollution on mortality and morbidity remain poorly understood. Second, while the heterogeneity results between districts with and without immediate A&E services suggest quality medical service can be important, this finding does not have a causal interpretation. To what extent the A&E services causally affect the air pollution-mortality relationship requires exogenous changes in the A&E service availability, which is missing in this study. Finally, the API is a comprehensive air quality measure and is determined by the pollutant with the highest concentration level in the standard. Our analyses do not identify which between which pollutants are more health-damaging and tell little about how the interactions of different air pollutants can affect human health. Further studies are needed to investigate these issues. 0.00 0.00 0.00 0.00 0.01 0.00
Notes: This table reports the OLS regression results. The independent variable is the average API in Hong Kong and the dependent variables are the Google Trends indices for different keywords. Google Trends indices range from 0 to 100, with a higher score indicating more online searches. We use data from 2004 to 2015, as Google Trends data only became available since 2004. Standard errors are reported in the parentheses. *** p < 0.01, **p < 0.05, *p < 0.1.
